Motivation: Gene Ontology (GO), the de facto standard for representing protein functional aspects, is being used beyond the primary goal for which it is designed: protein functional annotation. It is increasingly used to evaluate large sets of relationships between proteins, e.g. protein-protein interactions or mRNA co-expression, under the assumption that related proteins tend to have the same or similar GO terms. Nevertheless, this assumption only holds for terms representing functional groups with biological significance ('classes'), and not for the ones representing human-imposed aggregations or conceptualizations lacking a biological rationale ('categories'). Results: Using a data-driven approach based on a set of high-quality functional associations, we quantify the functional coherence of GO biological process (GO:BP) terms as well as their explicit and implicit relationships, trying to distinguish classes and categories. We show that the quantification used is in agreement with the distinction one would intuitively make between these two concepts. As not all GO:BP terms and relationships are equally supported by current functional associations, any detailed validation of new experimental data using GO:BP, beyond whole-system statistics, should take such unbalance into account.
INTRODUCTION
Classification is an intrinsic part of the scientific method. In many cases, the groups defined by a classification schema have a rationale behind, in the sense that elements grouped together share common properties. In other cases, the grouping is due to methodological or other reasons not related to the properties of the elements. For example, the division of a book in chapters can have some content connotation (i.e. the chapters in a reference book, each dealing with a different theme) or be more arbitrary (i.e. the chapters in a novel). Some authors term these two types of groups 'classes' and 'categories', respectively, depending on whether they group objects with common properties or not (Parsons and Wand, 2008) . Categories are not necessarily bad, as long as they are recognized as such (mere classification schemes due to methodological needs) and not assumed to have the properties of classes. * To whom correspondence should be addressed.
In Molecular Biology, protein sequences, structures and functions have been subjected to classification. While protein sequence and protein structure are concepts easy to define, quantify and compare, the situation for protein function is fairly more complex. As a consequence, functional classification schemes are usually created from prior knowledge, while the creation of most sequence and structural classification schemes is driven by data. This fact opens the possibility of introducing arbitrary, artificial or human-imposed functional definitions and classifications, due to historical reasons, to the experimental toolkit which is available, or simply to the need of grouping and categorizing things. For example, a protein function like 'transmission of genetic information' is clearly a category, since it groups genes and proteins without evolutionary or functional relationships in many cases. It only responds to our own organization of biological phenomena around the 'central dogma' in order to arrange the knowledge in textbooks. On the contrary, 'toluene degradation' is a class, since the genes/proteins grouped together under this class are related from many different points of view (function, evolution, genomic context, mobility, transcriptional control …). Describing a protein as involved in 'transmission of genetic information' is useful for certain purposes, including organizing knowledge. The problem arises when categories are used as classes. For example, assuming that proteins involved in 'transmission of genetic information' are co-regulated or share molecular properties that would allow assigning other proteins with the same characteristics to that group.
The first schemes for functional classification were based on a small number of disjoint functional groups (Riley, 1998) . In the course of time, more complex functional vocabularies and ontologies were created. The de facto standard today for representing protein function in computational terms is the one maintained by the Gene Ontology (GO) consortium (Ashburner et al., 2000) . GO defines a set of functional terms related by parenthood relationships forming a directed acyclic graph (DAG). One can navigate this DAG from very general to highly specific terms (functions). Indeed GO defines three separated ontologies for representing three orthogonal aspects of protein function: 'molecular function' (GO:MF), 'biological process' (GO:BP) and 'cellular component' (GO:CC). A given protein is annotated by assigning to it one or more terms from these three ontologies.
The widespread availability of GO functional data has prompted its use beyond its primary goal, i.e. functional annotation (Rhee et al., 2008) . Among other applications, GO is frequently used as prior knowledge to validate and interpret new system-wide data. Specifically, it is increasingly used to evaluate large datasets of protein interactions, e.g. (Ewing et al., 2007; Stelzl et al., 2005; Yu et al., 2008) . A basic statement is that interacting proteins tend to have the same or similar GO terms. Moreover, often functional relationships between GO:BP terms are established based on the structure of the DAG, e.g. (Lord et al., 2003; Wang et al., 2007) . Broad correlation of these GO-based similarity measures has been proved against e.g. sequence and gene expression (Pesquita et al., 2009) . Therefore, the overall biological significance of the GO is demonstrated. Nevertheless, the functional coherence of individual GO terms and relationships has been given by granted but never evaluated or quantified in an exhaustive way.
Motivated by the increasing use of GO for evaluation of systemwide data, we evaluate the functional coherence of GO:BP terms and their relationships using as gold standard a high-quality protein functional network. Our first goal is to distinguish terms representing classes, i.e. those that are functionally coherent, from those representing categories. Then, we also evaluate the relationships between GO:BP terms defined in the GO hierarchy, as they are often used to quantify the functional similarity of two biological processes. Finally, we want to highlight those terms which are functionally unrelated according with the ontology, but which should be related according with the sets of functional associations. We show how our quantification of functional coherence is in agreement with what one intuitively understands by classes and categories. These results have implications for the plethora of works in which GO is used to evaluate high-throughput data (e.g. protein interactions, mRNA co-expression).
METHODS

Functional network
We construct a functional network for Saccharomyces cerevisiae using protein-protein associations from the STRING database (v 7.1). The network was built using high-quality associations (score ≥ 0.7). This functional network is represented as an undirected graph G = (V, E), where vertices (V) are S.cerevisiae proteins and edges (E) functional associations. Functional associations in STRING are derived from multiple sources of data (i.e. genomic context, co-expression, protein interactions, co-citation, among others) and for that reason they represent functional relationships in a very broad sense, which is what we need for this work.
For each S.cerevisiae protein in the functional network, we obtained its GO 'biological process' annotations (GO release 2008-08). We then expanded protein annotations using information from the GO hierarchy in the following way: each protein is further annotated with those ancestors of associated GO terms corresponding to 'is_a' and 'part_of' relationships. All types of regulation relationships (namely 'regulates', 'positively_regulates' and 'negatively_regulates') were not used for annotation expansion. In this way, the regulation of a process is not considered as part of the process itself. The annotations inferred by electronic methods ('IEA' evidence code) are excluded.
The GO annotations attached to each protein in G produces a vertexlabelled graph that was used as the final functional network for further analysis.
From 2549 GO:BP terms associated with S.cerevisiae gene products (using non-IEA evidence codes), 1675 were associated with at least three proteins in the STRING (score 700 dataset). Among them, 395 were found to be redundant (i.e. they are associated with exactly the same set of proteins), leaving 1321 GO:BP terms for further analysis.
Network measures
A biological process in this functional network corresponds to the subgraph G t = (V t , E t ), comprised of those vertices labelled with a given GO term (V t ) and the edges connecting them (E t ). Several topological measures were computed for each subgraph:
• Density: proteins belonging to the same process are expected to be functionally associated, and thus potentially have a high number of functional connections between each other. We therefore established the density of a subgraph as the number of edges divided by the total number of possible edges.
• Clustering coefficient: the degree of clustering or cohesiveness of a graph is often characterized by the clustering coefficient (Watts and Strogatz, 1998) . We measured the average clustering coefficient of nodes within each GO:BP subgraph.
• Segregation: a given protein is expected to be connected predominantly with proteins belonging to the same process, and only to a lesser degree with proteins belonging to other processes. We therefore measured the average segregation of each node of the subgraph (the proportion of interacting proteins associated with its same process, divided by the total number of interactors). This segregation is expressed as a ratio respect to those expected by chance.
The density of a biological process is computed as the density of the corresponding subgraph G t .
where |E t | is the number of edges in the subgraph, and |V t | the number of vertices. Therefore, the density of this subgraph quantifies the proportion of functional associations between proteins annotated with that term respect to all possible associations that could be established between them.
The segregation of a vertex v i ∈ V t is the proportion of connections with other vertices in G t , divided by the total amount of connections with any vertex in the whole graph (G).
where N i is defined as the neighbourhood of a vertex (i.e. the set of all vertices immediately connected to it). Therefore, the segregation is the proportion of functional associations of a protein with other proteins annotated with the same term, respect to all functional associations described for that protein.
The segregation of a biological process is then computed as the average segregation of all vertices in the subgraph G t . This segregation measure is further expressed as a segregation ratio as in (Yook et al., 2004) , dividing the average vertex segregation by that expected by chance:
The clustering coefficient of a subgraph G t is computed as the average clustering coefficient of its vertices (Yook et al., 2004) . The clustering coefficient of a vertex is defined as:
where N t i is the neighbourhood of vertex v i and k i is its degree (i.e. the number of vertices in the subgraph immediately connected to it).
Note that, in order to compute the clustering coefficient using Equation (4) a vertex should have at least two neighbours. For the vertex not fulfilling this condition we use the following values of clustering coefficient:
To assess the statistical significance of clustering coefficient and density of a process of size <1000; 100 000 random subgraphs with the same size were obtained to compute a corresponding P-value. Note that segregation is already measured as a ratio to the value expected by chance.
Relationships between processes
The degree of functional relationship between two processes GOi and GOj is related to the number of proteins in GOj that are functionally associated with proteins in GOi (see Fig. 1 ). In order to assess the statistical significance of these functional connections, we calculated a P-value using the cumulative hypergeometric distribution:
where S is the total number of vertices in the neighbourhood of GOi, s is the number of vertices labelled with GOj in this neighbourhood, R is the total number of vertices in the functional network (G) and r is the number of vertices in G labelled with GOj.
Note that in the case of children-parent relationships, vertices labelled with GOi (child term) are a subset of those labelled with GOj (parent term). Therefore, for parenthood relationships s and r contain only those vertices that are annotated with GOj (parent term), but not GOi (child term).
In the case of brotherhood relationships two P-values are obtained, one for the enrichment of GOi neighbourhood and one for the enrichment of GOj neighbourhood.
RESULTS
We analyse the functional coherence of GO:BP terms as well as their relationships using STRING (von Mering et al., 2005) as a source of high-quality functional relationships (understanding functional relationship in the broadest sense) whose generation is totally independent on GO. In short, a network of functional relationships between S.cerevisiae proteins is generated from the binary functional relationships contained in STRING. The nodes (proteins) in that network are labelled with the corresponding GO:BP annotations. Finally, the distribution of GO:BP terms within this network is evaluated (Fig. 1) .
Functional coherence of GO:BP terms
The counterpart of a biological process in the analysis of biological networks might be a functional module. A functional module can be described as a group of functionally linked molecules that work together to achieve a relatively distinct function (Barabasi and Oltvai, 2004). As such, modules are expected to be groups of densely connected nodes in the network with similar functional annotations. In this context, the first question we would like to address is whether biological processes, as described in the GO, are good candidates for the definition of functional units.
In the context of this work a process is defined as the subgraph comprised of the vertices labelled with a particular GO biological process term (GO:BP) and the edges among them. As a subgraph, there are a number of desired properties for a process. A good candidate to be a functional module should be densely connected (all gene products are functionally related) and segregated from the rest of the graph (functionally separated to a certain degree from the nodes of other processes). These properties are measured in terms of subgraph density, average clustering coefficient and segregation ratio. See Section 2 for a formal description of these properties as well as their calculation.
Average clustering coefficient and segregation ratio were previously used to evaluate very broad functional categories using MIPS-FunCat (Ruepp et al., 2004) in the context of protein-protein interactions (Yook et al., 2004) .
In Figure 2 , it can be seen that the functional coherence of GO:BP terms varies largely, being some terms highly coherent while others totally lack functional coherence. It can also be seen that there is a certain relationship between functional coherence and position in the GO hierarchy, in the sense that more specific terms tend to be functionality more coherent than generic terms. To further address this point, we analyse leaf terms (209 terms with the highest specificity, without descendants) and inner nodes (1112) independently. As expected, the inner nodes are, in general, less segregated and clustered than leaf processes, as they represent generalizations of processes (see Table S1 in Supplementary Material). More interestingly, not all leaf terms are functionally coherent. Table 1 shows the average values of the parameters used for estimating the functional coherence for all the leaf terms within a number of general GO:BP categories. Leaf terms within the category 'metabolic process' are the most numerous and the most separated and densely connected. This could be to some extent influenced by the fact that our network of functional relationships is taken from STRING, which uses Kyoto Encyclopedia of Genes and Genomes (KEGG) pathways to train its score. For this reason, we expect our functional network to present some bias to metabolic relationships. 'Cell communication' processes are the smallest on average, exhibiting the highest clustering coefficient and the second largest separation. 'Growth' processes are the largest and among the less separated, while 'multi-organism' processes are the less clustered.
As expected, most leaf terms are functionally coherent (according with the way we quantify it). For example, GO:0008615 'pyridoxine biosynthetic process', GO:0006122 'mitochondrial electron transport, uniquinol to cytochrome c', GO:0006123 'mitochondrial electron transport, cytochrome c to oxygen', GO:0030503 'regulation of cell redox homeostasis', GO:0006388 'tRNA splicing'. There are also internal nodes highly coherent in functional terms. For example, GO:0015986 'ATP synthesis coupled proton transport', GO:0007091 'mitotic metaphase/anaphase transition', GO:0016558 'protein import into peroxisome matrix', GO:0045912 'negative regulation of carbohydrate metabolic process'. These processes are biologically meaningful, from an intuitive point of view (they correspond to 'classes'). Maybe 'metaphase/anaphase transition' (GO:0007091) could look like a 'category' (a partition of a continuous process based mainly on cellular morphology). Nevertheless, this transition is clearly reflected at the molecular level since it is a 'point of no return' that has to be finely controlled (Farr and Cohen-Fix, 1999) .
Some other processes were neither clustered nor segregated. Like GO:0015893 'drug transport', GO:0043412 'biopolymer modification', GO:0000767 'cellular morphogeneis during conjugation', GO:0044267 'cellular protein metabolic process' or GO:0009415 'response to water'. It is clear that these particular processes are 'categories' lacking a biological, cellular or evolutive rationale. As examples of leaf terms lacking functional coherence, we find GO:0000083 'G1/S-specific transcription in mitotic cell cycle' and GO:0006855 'multi-drug transport'.
It can be seen that, these topological parameters allow distinguishing between processes intuitively associated with biological meaning and categorizations. The full set of parameters for these examples and for all the other terms in the GO:BP ontology with at least three nodes in the network are available in Supplementary Table S2 .
Functional coherence of relationships between GO:BP terms
In this section, we evaluate the biological significance of the relationships between terms that can be inferred from GO. We do that for the parenthood relationships, which are explicit in GO and form the DAG itself, and the brotherhood relationships that are implicit. Both types of relationships are often used to calculate the similarity between GO:BP terms. Thus, a child term is expected to be functionally similar to its parent (e.g. a subprocess as part of a larger process). Similarly it seems reasonable to assume that two GO:BP terms which are children of the same parent are also functionally similar, and as so they are considered in most GO-based analysis. On the other way around, terms far apart in the DAG are assumed to be functionally unrelated. The same methodology used for evaluating the relationships allows us to propose new relationships between GO not evident in GO:BP (neither explicitly nor implicitly).
Parenthood relationships
Relationships established in the GO are dictated by the 'true-path-rule'. This rule states that 'the pathway from a child term all the way up to its top-level parent(s) must always be true'. Therefore, child-ancestor associations are the relations that are validated (confirmed) by curators and developers of the GO. For quantifying the biological significance of a given GO:BP parenthood relationship, we evaluate the enrichment of the interaction neighbourhood of the nodes (proteins) annotated with the child term, in nodes annotated with its parent (except the ones annotated with the term itself, obviously). This, to some extent, gives an idea of how well a term fits within the rest of its brothers, and hence can be regarded as an evaluation of the relationship with its parent.
GO:BP includes terms that represent collections of processes as well as terms that represent a specific, entire process. Generally, the former will have mainly 'is_a' relationships with their children, while the latter will have 'part_of' relationships with children that represent subprocesses. Therefore, there are two types of children processes: subprocesses and subclasses (instances) of a general process. Our results show that the neighbourhood of most children processes is enriched (P < 0.001) with nodes of their corresponding parent process, supporting the biological significance of the relationships with their corresponding parents. The proportion of enriched relationships is higher for the 'part_of' relationships (70 out of 84, 83.3%) compared with the 'is_a' relationships (634 out of 877, 72.3%).
Even if most parenthood relationships have biological significance, there are some cases that do not. For example, processes that are children of terms within the first level in the GO hierarchy and for which this parenthood relationship is evaluated as non-significant are 'transmembrane transport' GO:0055085 (44 products), child of 'cellular process' (GO:0009987); 'establishment of RNA localization' GO:0051236 (97 products), child of 'establishment of localization' GO:0051234; and 'flocculation' GO:0000128 (10 products), child of 'multi-organism process'.
In many cases, non-significant parenthood relationships are related to the fact that the parent itself lacks biological significance (see previous point). Especially a low segregation ratio of a given term will tend to be related to a lack of significance of the relationships with its children. But there are also many cases for which the parenthood relationship is not supported even if the parent term is well segregated (see Table S3 in Supplementary Material).
Brotherhood relationships
While parenthood relationships are explicit in GO and they are the only ones that should be trusted according with the 'true path rule', brotherhood relationships are somehow implicit and as so they are used in most GO-based studies (i.e. for measuring functional distances between GO terms).
For evaluating these relationships, we apply the same enrichmentbased procedure described in the previous point to every pair of sibling terms. In this case, we found that half of sibling pairs (2147 out of 3880, 55.34%) are highly significant (P < 0.001), while the number of non-significant pairs (P ≥ 0.05) is 1252 (32.27%).
Consequently, we cannot generally assume that two processes are functionally related just because they are children of the same parent. This means that not all the implicit relationships that can be inferred from the GO hierarchy of biological processes are currently supported by the functional relationships established in STRING. Table S4 in Supplementary Material contains the GO:BP terms with the highest percentage of non-significant sibling relationships. An example of a brotherhood relationship without biological significance is that relating 'oxidative phosphorylation' (GO:0006119) with 'protein amino acid phosphorylation' (GO:0006468), both children of 'phosphorylation' (GO:0016310). These two processes are not related by any means being the first one involved in metabolism and the second one in signalling and control processes. Nevertheless, in the way GO is being used now for evaluating interaction data, an interaction between a metabolic kinase and a protein kinase involved in the control of cell cycle will be scored high since those two processes are brothers in the GO:BP DAG. Other examples of meaningless brotherhood relationships can be found in Supplementary Table S4 . The entries on this table are the parent terms with the highest percentage of non-significant brotherhood relationships between their children terms.
New relationships
In the same way, most GO-based works assume that two terms close in the GO hierarchy are biologically related (previous point) and they also assume that terms far apart in the DAG are necessarily unrelated. The same enrichment-based evaluation of pairs of terms allows us to detect pairs of terms that are biologically related in spite of not being so in the GO:BP DAG.
We first analysed a set of term-term pairs that were expected to be functionally related (positive set). These pairs represent regulation relationships and are also explicitly encoded in the GO, although they were not used in our analysis when expanding gene product annotations. In this way, we were sure that a process did not include proteins involved in its regulatory processes. From 76 regulation relationships (between processes with at least 10 proteins), only two (2.63%) regulated processes had a functional neighbourhood that was not enriched (P ≥ 0.05) with proteins of the corresponding regulation process. These two cases correspond to the same regulated process 'transposition, RNA-mediated', for which both 'regulation of transposition, RNA-mediated' and 'negative regulation of transposition, RNA-mediated' are not enriched.
Once checked that the enrichment-based calculation is able to locate pairs of processes intuitively related, we apply it to all possible pairs of terms not related explicitly (direct parenthood) or implicitly (direct brotherhood) in GO in order to detect new relationships. Figure S5 shows the largest connected component of the network of new relationships established (P < 0.001) for leaf processes with at least 10 proteins. From a total of 61 leaf processes with at least 10 proteins, new relationships are found for 48 of them, with a 'largest connected component' of 42. In a few cases (coloured in graph), these relationships are also found by co-annotation of terms. It can be seen that pairs of GO:BP terms involved in processes such as import/export from nucleus, DNA replication, mitotic spindle, protein sorting and budding/filamentous growth which are not directly related in the GO:BP DAG are linked in this network. Other examples of new relationships not included in this largest connected component are as follows: GO:0030150 'protein import into mitochondrial matrix' with GO:0042026 'protein refolding'; GO:0006123 'mitochondrial electron transport, cytochrome c to oxygen' with GO:0033617 'mitochondrial respiratory chain complex IV assembly'. GO:0006896 'Golgi to vacuole transport' with GO:0007039 'vacuolar protein catabolic process'; GO:0045333 'cellular respiration' with GO:0000002 'mitochondrial genome maintenance'; GO:0007059 'chromosome segregation' with GO:0006301 'postreplication repair' and GO:0030435 'sporulation' with GO:0007049 'cell cycle'. The nearest common ancestor for all pairs is 'cellular process' (GO:0009987), indicating that they are far apart in GO:BP DAG.
To illustrate the use of such new relationships, we took some examples of interacting pairs of proteins obtained from a recent highthroughput experiment for yeast (Yu et al., 2008) . Table 2 contains examples of interacting pairs that are annotated with GO:BP terms distant in the GO hierarchy but whose relationships are biologically significant. These pairs would be regarded as false positives in the standard GO-based evaluation of interaction data. Take a look at the previous paragraph for a description of these new relationships between the GO terms associated with these proteins.
DISCUSSION
Classification is a valuable human activity that tries to reflect relationships among properties of phenomena. The problem of distinguishing classes and categories is a hot topic across many scientific disciplines (Parsons and Wand, 2008) , since all use classifications in one way or another. In the case of the functional classifications used in Molecular Biology, this problem has not been addressed in depth so far, in spite of being increasingly important due to the need of classifying the huge amounts of -omics data.
The most clear usage of GO for which it is not explicitly designed is to utilize it for evaluating sets of relationships between proteins (e.g. protein-protein interactions or mRNA co-expression). The assumed relationship between protein functional linkages and sharing of GO:BP terms holds true for those terms representing classes, and not for terms that are categorizations. It is important to remark that the existence of categories in GO is not a problem for its main objective: annotation.
We show that the functional coherence of GO:BP terms quantified from a set of high-quality functional associations allows to distinguish to some extend terms representing classes and categories. Obviously, the distinction between classes and categories is not perfect, and there is a continuous transition between these two concepts. Such continuous transition would be in agreement with the network-based measures we used in this work.
While many GO:BP terms are functionally coherent, we show examples of GO:BP terms not reflected in functional linkages between the proteins associated with them. As expected, there is certain relationship between the GO:BP hierarchy and functional coherence, although we have found cases of very specific terms which are not functionally coherent, and the other way around. Similarly, most parenthood relationships (which are explicit in GO) are supported by functional data. But many brotherhood relationships (implicit in GO) are not. We also found new relationships between GO terms not apparent in the ontology (either explicitly or implicitly) and discuss their implication in the GO-based analysis of interaction data.
Poor values of functional significance could be due to other reasons apart from arbitrary categorization (e.g. functional network bias, lack of knowledge/evidences/data, etc.). Nevertheless, for any practical purpose, it makes sense to assign low biological significance to GO:BP terms with such a low support. In other words, low biological significance could be due either to human imposed categories or to lack of knowledge.
Since many GO:BP terms and relationships are functionally coherent (as quantified in this work), an overall GO-based evaluation of system-wide data is only partially affected by the existence of categories, because the global relationship between interactions and GO processes still holds true in statistical terms. Nevertheless taking our results into account for such evaluation (i.e. discarding categories, including the new links between terms, etc.) would probably make such relationship more evident.
We used STRING as a source of high-quality co-functional relationships since for this particular work we are interested in a definition of co-function as broad as possible. Nevertheless, regarding the implications of our work for evaluating -omics datasets, other more specific functional associations could be more suitable for certain datasets: e.g. physical interactions.
The main message of this work is that GO:BP terms and relationships are not equally supported by current functional associations. Therefore, they have to be used with caution when utilized for evaluating individual protein associations, a goal for which GO:BP was not specifically designed.
The objective of this work is neither to propose a new BP ontology nor to filter the existing GO:BP. The objective is to highlight the existence of classes and categories and the importance of distinguishing them when evaluating large sets of -omics data beyond whole-system statistics. As more evidences of functional associations are collected, better distinction of classes and categories in the GO could be obtained.
